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Research on speech recognition in low SNR environment
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(School of Information and Communication, Guilin University of Electronic Technology, Guilin 541004, Guangxi, China)

Abstract: The accuracy rate of single channel enhanced speech recognition in high SNR environment is acceptable, but
not so in low SNR environment. In this case, speech enhancement based on logarithmic minimum mean square error
(LogMMSE) algorithm and modified Wiener filter algorithm is presented. Firstly the gathered speech signals' SNR is
improved by the LogMMSE algorithm. Then using the improved Wiener filter algorithm removes residual noise and
improves the signal quality. Finally the enhanced speech is used for recognition by MFCC and HMM algo-
rithms. Experimental results show that the proposed method can effectively remove the background noise and reduce the

residual noise, significantly increase the accuracy of the automatic speech recognition in noisy environment.
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Fig.1 The flow chart of spectral subtraction
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Fig.2 Comparative analyses of different cascade modes
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Fig.6 The accuracy rates of enhanced speech recognition in different
noisy environments
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Table 2 The accuracy rates of enhanced speech recognition in —5 dB
SNR environment for different methods (%)
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